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Key PointsRecognition of ictal EEG patterns using only behind‐the‐ear EEG is possible in a significant number of patients with TLEA patient‐specific seizure detection algorithm using only behind‐the‐ear EEG resulted in 69.1% sensitivity of 0.49 false detections per day for patients with TLE

1. INTRODUCTION {#epi16470-sec-0006}
===============

Epilepsy is one of the most common neurological disorders, affecting almost 1% of the population worldwide.[1](#epi16470-bib-0001){ref-type="ref"} Antiepileptic drugs provide adequate treatment for about 70% of patients with epilepsy.[2](#epi16470-bib-0002){ref-type="ref"} The remaining 30% of patients continue to have seizures, drastically reducing their life quality. To obtain efficacy measures of therapeutic interventions for these patients, objective measures of seizure documentation and counting are needed.[3](#epi16470-bib-0003){ref-type="ref"} However, in an outpatient setting, the unreliability of seizure documentation and counting by patients is a major problem.[4](#epi16470-bib-0004){ref-type="ref"}, [5](#epi16470-bib-0005){ref-type="ref"}, [6](#epi16470-bib-0006){ref-type="ref"}, [7](#epi16470-bib-0007){ref-type="ref"}, [8](#epi16470-bib-0008){ref-type="ref"} Adult patients with focal epilepsy undergoing video‐electroencephalographic (EEG) monitoring failed to document around 55% of all recorded seizures and 73% of focal impaired awareness seizures.[6](#epi16470-bib-0006){ref-type="ref"}

Automated seizure detection systems could help to objectively quantify seizures. Those detection systems are typically based on full scalp EEG. In an outpatient setting, full scalp EEG is of limited use because patients will not tolerate wearing a full EEG cap for long time periods during everyday life.[9](#epi16470-bib-0009){ref-type="ref"}

First, research is needed on the recognition of epileptic seizure activity on limited channels, which can be recorded unobtrusively in a nonstigmatizing way. To prove the usefulness of limited channels for seizure detection, an ictal pattern should be visually present on the reduced channel configuration. Previously, the usefulness of single‐channel scalp EEG placed behind the earlobe for seizure identification has been investigated.[10](#epi16470-bib-0010){ref-type="ref"} The sensitivity and specificity for recognition of seizures was 86% and 95% for Reviewer 1, 79% and 99% for Reviewer 2. However, only 21 seizures and single‐channel derivations were investigated.

Second, algorithms to detect seizures automatically need to be developed using only that limited amount of EEG channels. Previously, reduced electrode montages have been shown useful for seizure detection and documentation for several epilepsy types.[11](#epi16470-bib-0011){ref-type="ref"}, [12](#epi16470-bib-0012){ref-type="ref"}, [13](#epi16470-bib-0013){ref-type="ref"}, [14](#epi16470-bib-0014){ref-type="ref"} Our proof‐of‐concept study showed that behind‐the‐ear EEG is useful for focal seizure detection.[14](#epi16470-bib-0014){ref-type="ref"} However, the algorithm had false detection rates too high for clinical use.

In this paper, behind‐the‐ear EEG channels were used that can be recorded with a wearable device.[15](#epi16470-bib-0015){ref-type="ref"} First, a visual analysis was done on 182 seizures by a neurologist to investigate the presence of ictal patterns on the behind‐the‐ear channels. Second, an algorithm was developed suitable for constructing a seizure diary offline due to the lower false alarm rate compared to the literature.[14](#epi16470-bib-0014){ref-type="ref"} Two different models were evaluated. The first model was a patient‐independent (PI) model, trained with data from different patients. For this PI model, no patient‐specific data were needed to train the model, practical in daily life. However, this type of algorithm results in lower performance.[9](#epi16470-bib-0009){ref-type="ref"} The second model was a patient‐specific (PS) model, trained with data from the same patient.

This is a class 1 study according to the standards for testing seizure detection devices,[16](#epi16470-bib-0016){ref-type="ref"} because real seizure data from patients with epilepsy were included and gold standard annotations were used for validation. However, the analysis was done retrospectively and the data were not recorded with the dedicated device, but with extra electrodes using traditional scalp EEG.

2. MATERIALS AND METHODS {#epi16470-sec-0007}
========================

2.1. Data acquisition {#epi16470-sec-0008}
---------------------

The dataset contained recordings from patients with refractory epilepsy who underwent presurgical evaluation at the University Hospital Leuven (UZ Leuven), Leuven, Belgium. In total, 82 patients were recorded between January 23, 2017 and October 26, 2018. From those patients, 65 were recorded with the extra behind‐the‐ear electrodes. The developed seizure detection algorithm aims to detect focal seizures with EEG correlates and a length of at least 10 seconds. Therefore, seven patients (11%) without ictal EEG correlates, two patients (3%) with generalized seizures that were too short, and two patients (3%) with unreadable ictal EEG due to muscle artifacts were excluded from this study. Twelve (18%) patients did not have seizures during the recordings, but were used to evaluate the false detection rate.

The remaining dataset consisted of 54 patients with 5284 hours of data and 182 seizures, recorded in 42 patients. The number of seizures per patient ranged from 1 to 22, with a median of three seizures per patient. The duration of the seizures, the time difference of seizure EEG onset and end, varied between 11 and 695 seconds with a median of 50 seconds. Eighty‐nine percent of the seizures were focal impaired awareness seizures. Ninety‐one percent of the seizures originated from the (fronto‐)temporal lobe. More information about the type, localization, and lateralization can be found in Table [1](#epi16470-tbl-0001){ref-type="table"} and Table [S1](#epi16470-sup-0001){ref-type="supplementary-material"}.

###### 

An overview of the seizure types, localization, and lateralization

  ---------------- ------ ------------- ------------ --------------- ----- ----
  Seizure type                                                             
                   FA     FIA           F‐BTC                               
  n                18     162           2                                   
  Localization                                                             
                   Temp   Fronto‐temp   Fronto‐par   Occipito‐temp   Par   NC
  n                138    27            2            9               3     3
  Lateralization                                                           
                   Left   Right         Bilateral    NC                     
  n                71     94            14           3                      
  ---------------- ------ ------------- ------------ --------------- ----- ----

Abbreviations: FA, focal aware; F‐BTC, focal to bilateral tonic‐clonic; FIA, focal impaired awareness; n, number of seizures; NC, not clear; par, Parietal; temp = Temporal.
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The experimental setup of this study, shown in Figure [1](#epi16470-fig-0001){ref-type="fig"}, was the same as for our former publication.[14](#epi16470-bib-0014){ref-type="ref"} The patients were recorded with traditional 10‐20 scalp EEG using Ag/AgCl electrodes with a sampling frequency of 250 Hz. Four additional electrodes were glued to the skin behind the ears (two at each side) and were connected to the same EEG amplifier. Using these additional electrodes, four behind‐the‐ear bipolar channels (two crosshead, one left, and one right bipolar channel) were derived by taking the potential difference between these electrodes. Figure [2](#epi16470-fig-0002){ref-type="fig"} displays a seizure recorded with the behind‐the‐ear EEG setup together with the seizure onset.

![Behind‐the‐ear electroencephalographic setup. Left panel shows extra behind‐the‐ear electrodes glued to the skin. Right panel shows bipolar channel derivations. Reproduced with permission from Gu et al[14](#epi16470-bib-0014){ref-type="ref"}](EPI-61-766-g001){#epi16470-fig-0001}

![Left temporal lobe seizure recorded with behind‐the‐ear electroencephalographic (EEG) setup. The four bipolar EEG channels are shown over a period of 10 seconds: (1) crosshead 1, (2) crosshead 2, (3) unilateral left, (4) unilateral right. The bipolar EEG channels were filtered with a bandpass filter (1‐25 Hz). The black horizontal line at 300 seconds depicts the seizure onset](EPI-61-766-g002){#epi16470-fig-0002}

A clinical expert annotated the seizure onsets and ends with the use of video‐EEG data (full channel EEG), validated afterward by a neurologist‐epileptologist (W.V.P.). The ethical committee of UZ Leuven approved the study. All patients signed an informed consent form for their participation in this study.

2.2. Visual seizure recognition {#epi16470-sec-0009}
-------------------------------

Behind‐the‐ear EEG segments containing seizures and nonseizures were shown to the neurologist‐epileptologist (W.V.P.), who was blinded to patient information and recording time. The neurologist was asked to annotate all the segments.

Each 10‐minute‐long seizure segment contained one seizure with the onset in the middle of the segment. Each 10‐minute‐long nonseizure EEG segment contained a false detection, obtained with the algorithm described below, in the middle of the segment. The information regarding this onset timing was explained to the neurologist. The duration of 10 minutes was chosen to provide enough preictal and postictal EEG data. The number of nonseizure EEG segments per patient varied randomly between 0.5 and 1.5 times the number of seizure segments. The segments were shown to the neurologist clustered per patient. In total, 182 seizure and 172 nonseizure segments were annotated.

The segments were shown using MATLAB 2017a with EEGLAB graphic interface.[17](#epi16470-bib-0017){ref-type="ref"} The data were shown in a scroll plot using a window of 10 seconds. The plotted data were filtered with a bandpass filter (1‐25 Hz), which could be changed. Additionally, the data filtered with a 1‐Hz high‐pass filter and 50‐Hz notch filter were shown. The data were visualized by default between −200 and 200 µV, but this scale was adaptable. An example is shown in Figure [2](#epi16470-fig-0002){ref-type="fig"}.

To evaluate the performance, sensitivity and specificity were defined as the percentage of recognized and nonrecognized seizure and nonseizure segments, respectively. To summarize the performance measures across the dataset, average values with 95% confidence interval and median with range were calculated.

2.3. Automated seizure detection {#epi16470-sec-0010}
--------------------------------

The automated seizure detection algorithm was applied twice with two different aims. The aim of algorithm I was to detect all annotated seizures with ictal EEG correlate using video‐EEG (full EEG). All those seizures were included in the training and test set. The aim of algorithm II was to detect only those seizures that were recognized on the behind‐the‐ear EEG by the neurologist. Here, only those recognized seizures were included in the training and test set. The PI model was applied on all patients. However, the PS model could only be applied on patients with at least two seizures, because one seizure was needed to train the model and one seizure to test the model.

The different steps of the algorithm are explained: preprocessing, feature extraction, feature normalization, classification, cross‐validation, and postprocessing with the algorithm evaluation criteria.

### 2.3.1. Preprocessing {#epi16470-sec-0011}

As input, three bipolar behind‐the‐ear EEG channels were used: crosshead channel 2, and the unilateral left and right channels. Each bipolar channel was filtered with a bandpass filter (1‐25 Hz). After filtering, the data were segmented in 2‐second windows with 50% overlap. Windows with a root mean square amplitude greater than 150 µV or less than 13 µV were removed from the analysis, because those windows contained high‐amplitude artifacts or contained only background EEG.

### 2.3.2. Feature extraction {#epi16470-sec-0012}

Features, taken from literature, were extracted from each channel and each window, unless removed by the preprocessing. Time domain and frequency domain features were extracted.[18](#epi16470-bib-0018){ref-type="ref"} Two extra frequency domain features were extracted, mean and normalized power in the high‐frequency band between 40 and 80 Hz (before applying the bandpass filter) to discriminate between artifacts and seizure activity. Entropy‐based features were also added.[19](#epi16470-bib-0019){ref-type="ref"}, [20](#epi16470-bib-0020){ref-type="ref"} Finally, the power asymmetry at different frequency bands was calculated.[21](#epi16470-bib-0021){ref-type="ref"} Here, the power asymmetry was calculated between the left and right channel. A list of all the features can be found in Table [2](#epi16470-tbl-0002){ref-type="table"}. Features 1‐21 were calculated for all three channels, whereas features 22‐25 resulted in one feature for each frequency band. This resulted in a total of 67 features.

###### 

Extracted features

  ----------------------------------------------------------------------------------------------------------------------------------------------------------------------------- -----------------------------------------------------------------------------------------------------------------------------------------------------
  Time domain                                                                                                                                                                   1‐3. Number of zero crossings, maxima, and minima[17](#epi16470-bib-0017){ref-type="ref"}
  4\. Skewness[17](#epi16470-bib-0017){ref-type="ref"}                                                                                                                          
  5\. Kurtosis[17](#epi16470-bib-0017){ref-type="ref"}                                                                                                                          
  6\. Root mean square amplitude[17](#epi16470-bib-0017){ref-type="ref"}                                                                                                        
  Frequency domain                                                                                                                                                              7\. Total power[17](#epi16470-bib-0017){ref-type="ref"}
  8\. Peak frequency[17](#epi16470-bib-0017){ref-type="ref"}                                                                                                                    
  9‐16. Mean (9‐12) and normalized (13‐16) power in frequency bands: delta (1‐3 Hz), theta (4‐8 Hz), alpha (9‐13 Hz), beta (14‐20 Hz)[17](#epi16470-bib-0017){ref-type="ref"}   
  17‐18. Mean (17) and normalized (18) power in HF band (40‐80 Hz)                                                                                                              
  Entropy derived                                                                                                                                                               19\. Sample entropy[19](#epi16470-bib-0019){ref-type="ref"}
  20\. Shannon entropy[18](#epi16470-bib-0018){ref-type="ref"}                                                                                                                  
  21\. Spectral entropy[18](#epi16470-bib-0018){ref-type="ref"}                                                                                                                 
  Asymmetry                                                                                                                                                                     22‐25. Power asymmetry in frequency bands: delta (1‐3 Hz), theta (4‐8 Hz), alpha (9‐13 Hz), beta (14‐20 Hz)[20](#epi16470-bib-0020){ref-type="ref"}
  ----------------------------------------------------------------------------------------------------------------------------------------------------------------------------- -----------------------------------------------------------------------------------------------------------------------------------------------------

Abbreviation: HF, high‐frequency.
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### 2.3.3. Feature normalization {#epi16470-sec-0013}

Because differences in the EEG amplitude were present between individuals, and amplitude variations occurred over time, normalization was crucial. The median decaying memory method was shown to be the best approach using line length features.[22](#epi16470-bib-0022){ref-type="ref"} This normalization method was applied on all the amplitude‐dependent features, which were the root mean square amplitude, total power, and mean power in the different frequency bands (features 6, 7, 9‐12, and 17 in Table [2](#epi16470-tbl-0002){ref-type="table"}). Additionally, log transformation was applied on features 5‐7, 9‐12, 14, 15, 17, 18, and 20, selected visually by comparing the distribution before and after log transformation. Features 1‐21 were calculated for all three channels. For each feature, the left and right channel values were sorted largest to smallest,[23](#epi16470-bib-0023){ref-type="ref"} which removed information about the spatial seizure location. This step is important because both left and right seizures were present in the training and test sets.

### 2.3.4. Classification {#epi16470-sec-0014}

To classify each 2‐second window, support vector machine (SVM) with a radial basis function kernel was used. To account for the class imbalance from the dataset (ie, very few training examples in the seizure vs the nonseizure class), Weighted SVM[24](#epi16470-bib-0024){ref-type="ref"}, [25](#epi16470-bib-0025){ref-type="ref"} was applied. To find the optimal classifier, the SVM minimizes the misclassification of training data points. To account for class imbalance, the cost given to each nonseizure data point is $N^{+} + N^{-}/\, 2 \ast N^{+}$, whereas the cost given to each seizure data point is $N^{+} + N^{-}/\, 2 \ast N^{-}$ with *N* ^+^ and *N* ^−^ representing the number of data points belonging to the nonseizure and seizure class, respectively. The values of the hyperparameters were selected using a fivefold cross‐validation using the training set for the PI model. The most frequently selected values for those parameters were used for the PS model, because not enough data were available to perform a cross‐validation on the training set.

Nonseizure training data were selected from the first 24‐hour EEG recording, as this period covers the different brain states.[26](#epi16470-bib-0026){ref-type="ref"} To cover as many different EEG patterns as possible from the nonseizure vigilance states, 1‐minute long segments, consisting of 30 nonoverlapping 2‐second windows, recorded every 15 minutes, were selected.[17](#epi16470-bib-0017){ref-type="ref"} From this selection, 100 and 150 nonseizure windows were randomly sampled per patient for training the PI and PS classifiers.

Seizure training segments of 10 seconds,[14](#epi16470-bib-0014){ref-type="ref"}, [18](#epi16470-bib-0018){ref-type="ref"} further split into 2‐second windows, during each seizure were selected visually at the seizure onset by the first author. A length of 10 seconds was chosen to give each seizure, short or long, the same importance in the classifier, as the minimum seizure duration was 10 seconds. Visual selection by the first author was needed to include a typical ictal pattern in the training set and to avoid attenuation at the start of the seizure or artifacts.

### 2.3.5. Cross‐validation {#epi16470-sec-0015}

Only a single retrospective dataset was available for the study. However, different nonoverlapping folds of the dataset were used for training and testing purposes. The cross‐validation for the PI model was leave‐one‐patient‐out. The cross‐validation for the PS model was leave‐one‐seizure‐out. The fold splits were set exactly in the middle of the nonseizure data between two seizures. The test set, the fold left out for training, was a continuous tract that contained all the nonseizure/seizure data in that fold, that is, various vigilance states and the direct neighborhood of a seizure.

### 2.3.6. Postprocessing {#epi16470-sec-0016}

To generate a seizure detection, eight of 10 consecutive 2‐second overlapping windows should be classified as seizure by the model. Ten consecutive windows were chosen, because the minimal duration of a seizure was taken as 10 seconds. To allow for small artifacts during a seizure, only eight of the windows should be classified as seizure.

### 2.3.7. Algorithm evaluation {#epi16470-sec-0017}

The following measures were applied to determine the performance of the seizure detection algorithm: Detection sensitivity: TP/(TP + FN), where TP = true positive and FN = false negative. A seizure was detected correctly (TP) if the detection occurred between the EEG onset and end of the seizure.False positive (FP) detection rate per 24 hours: FPs/recording length; FPs within 10 seconds of each other were counted as one FP.Detection delay: the time interval between the EEG seizure onset and detection by the algorithm.Positive predictive value (PPV): TP/(TP + FP).F1‐score: 2 \* (PPV \* Recall)/(PPV + Recall) with Recall = TP/(TP + FN).

To summarize the performance measures across the dataset, the averages including their 95% confidence intervals and medians with their range were calculated.

3. RESULTS {#epi16470-sec-0018}
==========

3.1. Visual seizure detection {#epi16470-sec-0019}
-----------------------------

The neurologist identified 114 of 182 seizure segments and 161 of 172 nonseizure segments in total. An average sensitivity of 65.7% and specificity of 94.4% was obtained, as shown in Table [3](#epi16470-tbl-0003){ref-type="table"}. In Table [S2](#epi16470-sup-0001){ref-type="supplementary-material"}, the results per patient are shown.

###### 

Results of visual seizure recognition (Sens and Spec) and automated seizure detection I with aim of detecting all seizures annotated on video‐EEG and automated seizure detection II with aim of detecting only seizures recognized by the neurologist on behind‐the‐ear EEG for PS and PI models (number of patients and seizures, Sens, false detection rate, PPV, detection delay, and F1‐score)

  A. Average \[95% confidence interval\]                                                                                                     
  ---------------------------------------- --------------------------- ---------------- ------------------ ---------------- ---------------- --------------------
  Visual seizure recognition                                                                                                                 
                                           Patients, n (seizures, n)   Sens, %          Spec, %                                               
                                           42 (182)                    65.7 \[54‐77\]   94 \[89‐99.9\]                                        
  Automated seizure detection I                                                                                                              
                                           Patients, n (seizures, n)   Sens, %          FPs/24 h           PPV, %           Delay, s         F1‐score
  PI                                       54 (182)                    72.7 \[61‐84\]   34.2 \[17‐51\]     11.5 \[6‐17\]    22.4 \[17‐28\]   0.16 \[0.09‐0.23\]
  PS                                       36 (176)                    63.4 \[51‐76\]   0.88 \[0.4‐1.4\]   57.3 \[43‐71\]   21.6 \[18‐26\]   0.57 \[0.45‐0.70\]
  Automated seizure detection II                                                                                                             
                                           Patients, n (seizures, n)   Sens (%)         FPs/24 h           PPV, %           Delay, s         F1‐score
  PI                                       54 (114)                    64.1 \[50‐79\]   2.8 \[1.3‐4.3\]    38.9 \[25‐52\]   22.8 \[18‐28\]   0.38 \[0.26‐0.50\]
  PS                                       24 (103)                    69.1 \[54‐84\]   0.49 \[0.1‐0.9\]   65.4 \[49‐81\]   20.2 \[15‐26\]   0.62 \[0.46‐0.78\]

  B. Median \[range\]                                                                                                           
  -------------------------------- --------------------------- ---------------- ---------------- --------------- -------------- --------------
  Visual seizure recognition                                                                                                    
                                   Patients, n (seizures, n)   Sens, %          Spec, %                                          
                                   42 (182)                    70.8 \[0‐100\]   100 \[0‐100\]                                    
  Automated seizure detection I                                                                                                 
                                   Patients, n (seizures, n)   Sens, %          FPs/24 h         PPV, %          Delay, s       F1‐score
  PI                               54 (182)                    100 \[0‐100\]    13.6 \[0‐384\]   3.4 \[0‐100\]   17 \[3‐77\]    0.07 \[0‐1\]
  PS                               36 (176)                    67.4 \[0‐100\]   0 \[0‐ 4.2\]     63 \[0‐100\]    18 \[10‐56\]   0.64 \[0‐1\]
  Automated seizure detection II                                                                                                
                                   Patients, n (seizures, n)   Sens, %          FPs/24 h         PPV, %          Delay, s       F1‐score
  PI                               54 (114)                    100 \[0‐100\]    1.2 \[0‐31.5\]   23 \[0‐100\]    20 \[3‐56\]    0.29 \[0‐1\]
  PS                               24 (103)                    83.3 \[0‐100\]   0 \[0‐3.7\]      72 \[0‐100\]    16 \[9‐65\]    0.72 \[0‐1\]

Abbreviations: EEG, electroencephalography; FP, false positive; PI, patient‐independent model; PPV, positive predictive value; PS, patient‐specific model; Sens, sensitivity; Spec, specificity.
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Figure [3](#epi16470-fig-0003){ref-type="fig"} shows the sensitivities for the different seizure types (A), localization (B), lateralization (C), and seizure duration (D). The sensitivities were calculated as percentage recognized seizures in that category over the whole database. Sensitivity for focal impaired awareness seizures was 59%, for focal aware (FA) seizures 89%, and for focal to bilateral tonic‐clonic seizures 100%. The temporal, frontotemporal, and occipitotemporal lobe seizures had a sensitivity of 62%, 85%, and 22%, respectively. The frontoparietal and parietal seizures had 0% and 67% sensitivity. The bilateral group had lower sensitivities (43%) than the lateralized groups, left 58% and right 70%, respectively. The sensitivity increased with the seizure duration.

![Sensitivities for the different seizure types (A), localizations (B), lateralizations (C) and seizure durations in seconds (D) are plotted for the patient‐independent model with aim I and visual recognition study. The sensitivities were calculated as percentage recognized seizures in that category over whole the database. bi, bilateral; FA, focal aware; F‐BTC, focal to bilateral tonic‐clonic; FIA, focal impaired awareness; L, left; NC, not clear; par, parietal; R, right; temp, temporal](EPI-61-766-g003){#epi16470-fig-0003}

3.2. Automated seizure detection {#epi16470-sec-0020}
--------------------------------

An overview of the results of the PI and PS model with the two different aims, detecting all the seizures and detecting the seizures recognized on behind‐the‐ear EEG, are shown in Table [3](#epi16470-tbl-0003){ref-type="table"}. In Table [S2](#epi16470-sup-0001){ref-type="supplementary-material"}, the results per patient are shown. The PI model resulted in an average sensitivity of 72.7% (aim I) and 64.1% (aim II), whereas the FP rate decreased from 34.2 FPs/24 hours (aim I) to 2.8 FPs/24 hours (aim II). The PS model resulted in a higher average sensitivity of 69.1% (aim II) compared to 63.4% (aim I), whereas the FPs/24 hours rate was 0.88 (aim I) and 0.49 (aim II). By analyzing the 24 patients tested with the PS model (aim II), the number of patients with a sensitivity ≥ 60% and FPs/24 hours ≤ 1 was nine with the PI model and 15 with the PS model.

The PI model with aim II detected 14 extra seizures, from six patients, which the neurologist did not recognize. The PS model with aim II detected 4 extra seizures, from four patients, which were not annotated on the full scalp EEG, but recognized with hindsight. Note that these seizures were not taken into account for calculating the sensitivity of aim II.

4. DISCUSSION {#epi16470-sec-0021}
=============

4.1. Visual seizure recognition {#epi16470-sec-0022}
-------------------------------

Average sensitivity for visual recognition of seizures on behind‐the‐ear EEG was 65.7% (ie, 68 of 182 seizures were not recognized), which was lower than expected, because the database mostly consisted of temporal lobe seizures and the behind‐the‐ear electrodes were closely located to the temporal lobe. To explain these results, the neurologist inspected the behind‐the‐ear EEG again, together with the full EEG, and identified three main reasons for missed seizures in the behind‐the‐ear EEG. Most importantly, 63 seizures (93%) that were not recognized on behind‐the‐ear EEG contained artifacts, mainly muscle. In 11 seizures, a salt bridge was present in a channel that was crucial for seizure recognition. This salt bridge, which is the smearing of electrode paste between electrodes causing a very low impedance (\~short circuit), was recognized due to a lower frequency and amplitude content of one bipolar channel compared to the background.[27](#epi16470-bib-0027){ref-type="ref"} Full scalp EEG of the same seizures contained the same artifacts at the location of the behind‐the‐ear electrodes, but the ictal patterns were visible in other channels. Second, 39 seizures (57%) had only subtle ictal EEG patterns on the full EEG. Those seizures were annotated taking the presence of a clinical seizure on video into account. This information was not available when reviewing behind‐the‐ear EEG blindly. Third, 29 seizures (43%) had a bilateral ictal pattern from the onset, which was more difficult to pick up with the crosshead channels, where the ictal discharges were less obvious due to differential amplification of the relatively symmetric signals. Typical lateralized recruiting theta patterns, as in Figure [1](#epi16470-fig-0001){ref-type="fig"}, were easily recognized. We conclude that a majority of temporal lobe seizures are recognized on behind‐the‐ear EEG, but the impact of artifacts in the recognition of seizures is higher when only a limited number of electrodes and channels are available as compared with a full EEG.

The neurologist annotated 11 of the 172 nonseizure segments as a seizure. With hindsight, four segments did contain a seizure on the full EEG and were actually correctly annotated on the behind‐the‐ear EEG. Those seizures were missed during the first annotation session of the video‐EEG. Four segments contained artifacts, which the neurologist annotated as a seizure, which could have been avoided by looking at the unfiltered EEG. One segment did not seem to contain an ictal pattern on second examination. Two segments contained the appearance of an occipital alpha rhythm, which was clear on the full EEG, but was interpreted as an ictal pattern on the behind‐the‐ear EEG. We conclude that with a conservative reading of behind‐the‐ear EEG, specificity is very high (around 96%).

The higher sensitivity for visual recognition on behind‐the‐ear EEG of FA seizures (89%) compared to the focal impaired awareness seizures (59%) was not expected, because only 15%‐30% of FA seizures contain ictal EEG changes.[28](#epi16470-bib-0028){ref-type="ref"} However, we included in this study only seizures with an ictal EEG correlate. Furthermore, the dataset contained 28 FA seizures in four different patients, who had respectively one (not detected), 14 (all detected), two (all detected), and one (not detected) seizures. By averaging the sensitivity across patients, an average sensitivity of 50% was obtained. A higher sensitivity for the temporal lobe group compared to the extratemporal lobe group was expected, because behind‐the‐ear electrodes are closer to the temporal lobe. However, it is interesting that we could pick up two of three parietal lobe seizures, which indicates that ictal discharges arising from extratemporal lobes propagate to the behind‐the‐ear electrodes. However, further testing needs to be done on seizures originating from other lobes to determine whether the seizures are visible on the behind‐the‐ear channels. The bilateral group (43%) had lower sensitivity than the left (58%) and right (70%) groups, because a bilateral ictal pattern was more difficult to pick up with the crosshead channels due to differential amplification of the relatively symmetric signals. The increased sensitivity with seizure length was expected, because longer seizures are often associated with stronger ictal discharges.

4.2. Automated seizure detection {#epi16470-sec-0023}
--------------------------------

The PI seizure detection algorithm had lower performance compared to the PS algorithm for both aims I and II; in particular, the FP rate of the PS algorithm was decreased and PPV was increased. This is in agreement with the literature, as ictal behavior is highly patient‐specific.[9](#epi16470-bib-0009){ref-type="ref"}

The algorithm with aim II improved the results compared to aim I, because subtle ictal EEG patterns and seizures with artifacts, which were not recognized by the neurologist, were left out from the test set. Furthermore, leaving out these unclear and artifacted seizures also resulted in a better training set, which in turn led to a better classifier and a lower FP rate for aim II.

The PS algorithm aim II had in total 22 false detections. The reasons for those false detections were diverse: high‐amplitude artifacts in two channels, probably due to a technical problem with one EEG behind‐the‐ear electrode (n = 1); slightly higher amplitude and change in frequency power, which are characteristics of ictal EEG (n = 2); seizures that were missed while annotating the video‐EEG (n = 4); chewing artifacts (n = 9); high‐frequency artifacts, probably due to muscle activity (n = 5); and a technical artifact (flat line; n = 1). The reasons for the FPs of the PI algorithm aim II were similar, most frequently high‐frequency artifacts.

Large differences were observed between the mean and average results, because outliers were present. Outliers for the PS algorithm (three patients had a sensitivity of 0%) were often due to the limited amount of training data, which caused overfitting of the model. This resulted in low sensitivity if the test seizures were different from the training seizures. Outliers for the PI algorithm, especially for aim I (two patients had a false alarm rate higher than six per hour), were caused by a combination of three main reasons: large power in the theta band, high‐frequency artifacts, and a salt bridge in the right channel. This caused a lateralization, which is typical for unilateral seizures.

In this study, the EEG was measured behind the ears, as shown in Figure [1](#epi16470-fig-0001){ref-type="fig"}. However, recently it has been shown that EEG recorded with a small device in the ear can detect temporal lobe seizures[29](#epi16470-bib-0029){ref-type="ref"} and generalized tonic‐clonic seizures.[30](#epi16470-bib-0030){ref-type="ref"} A similar visual seizure recognition study for temporal lobe seizures resulted in comparable performances.[29](#epi16470-bib-0029){ref-type="ref"} Those results suggest that the signals of both behind‐the‐ear and in‐the‐ear EEG could be used to detect temporal lobe seizures. However, the design of the devices is different. An advantage of the in‐the‐ear EEG is the discreteness, but disadvantages are the possible hearing loss, discomfort, and need for individualized design.

4.3. Clinical use of algorithm {#epi16470-sec-0024}
------------------------------

A PI algorithm is more suitable for clinical use, because one device with the same algorithm can be given to all patients and no ictal EEG data are required beforehand. In this study, 24 patients had a sensitivity \> 50% with the PI algorithm, tested on 35 patients. Originally, 65 patients were recorded with the behind‐the‐ear electrodes, so 37% of the patients in this study could potentially benefit from a device with a PI algorithm. One hundred eighty‐two seizures were recorded, 114 (63%) were identified by the doctor and 71 (39%) were detected with the algorithm. Those values might seem to be low, but they were better than self‐reporting by patients. Only 27% of focal impaired awareness seizures were reported by patients.[6](#epi16470-bib-0006){ref-type="ref"} However, the false detection rate of the PI algorithm was high (2.8 FPs/24 hours) and PPV was low (38.9%). Those could be improved by personalizing the algorithm. The PS algorithm had lower FPs/24 hours (0.49) and higher PPV (65.4%).

Although PS algorithms are in general impractical, they can be useful in certain scenarios. They could be used in patients with refractory temporal lobe epilepsy who have video‐EEG recordings of their habitual seizures. Using this patient‐specific ictal EEG data, the algorithm could be trained automatically with minimal time investment by the clinician. The neurologist only needs to provide the annotations for the start and end of the seizures, which is usually part of the clinical review of video‐EEG recordings.

4.4. Future work {#epi16470-sec-0025}
----------------

The ictal EEG data used in this study were recorded with the hospital system using Ag/AgCl electrodes. The recorded patients were hospitalized, which limits the movements and artifacts present in the data. We showed that artifacts may have an important impact in the correct interpretation of seizures recorded with behind‐the‐ear EEGs. The algorithm should be tested on behind‐the‐ear EEG data, recorded with a wearable device[15](#epi16470-bib-0015){ref-type="ref"} in an outpatient setting as written in the standards for testing and clinical validation.[16](#epi16470-bib-0016){ref-type="ref"} The preprocessing, more specifically the removal of artifacts, should be adapted to the wearable data.

Training and testing the algorithm was done using the same database, and a retrospective analysis was performed. To extend the research, separate databases need to be used for training and testing and prospective analysis needs to be performed.[16](#epi16470-bib-0016){ref-type="ref"}

In this work, SVMs were used as classifiers. Other classifiers, for example, random forest,[31](#epi16470-bib-0031){ref-type="ref"} should be implemented and tested.

Behind‐the‐ear EEG is not the only type of signal suitable for a wearable seizure detection system in an outpatient setting. Electrocardiography (ECG), which can be recorded in an outpatient setting, has added value to automatically detect seizures in temporal lobe epilepsy patients.[25](#epi16470-bib-0025){ref-type="ref"}, [32](#epi16470-bib-0032){ref-type="ref"}, [33](#epi16470-bib-0033){ref-type="ref"}, [34](#epi16470-bib-0034){ref-type="ref"}, [35](#epi16470-bib-0035){ref-type="ref"} Previous studies investigated multimodal seizure detection algorithms.[11](#epi16470-bib-0011){ref-type="ref"} A multimodal algorithm should be developed combining information from behind‐the‐ear EEG and ECG, recorded with wearable devices in an outpatient setting. We are currently validating our wearable device measuring behind‐the‐ear EEG, movement, and ECG in a multicenter study[36](#epi16470-bib-0036){ref-type="ref"} (EIT Health: SeizeIT2[37](#epi16470-bib-0037){ref-type="ref"}).
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